Die Dokumente auf EconStor dürfen zu eigenen wissenschaftlichen Zwecken und zum Privatgebrauch gespeichert und kopiert werden.
Introduction
Individuals seeking jobs read newspapers, go to employment agencies, browse in the web and mobilize their local networks of friends and relatives. The empirical evidence reveals that around 50 percent of individuals obtain or hear about jobs through friends and family (Granovetter, 1974; Corcoran et al., 1980; Holzer 1988; Montgomery, 1991; Gregg and Wadsworth, 1996; Addison and Portugal, 2001 ). Such methods have the advantage that they are relatively less costly and may provide more reliable information about jobs compared to other methods. Networks of personal contacts mediate employment opportunities, which flow through word-of-mouth and, in many cases, constitute a valid alternative source of employment information to more formal methods.
Little is known, however, about the importance of social networks across different ethnic groups. In particular, do the kinds of positive effects that have been found for friends and family hold across all ethnic groups in the labor market?
One may think that connections may well be within each own ethnic group in each own area and the effectiveness of these connections may be diminished because of the higher incidence of unemployment amongst ethnic minorities. Having fewer connections to employed individuals makes it more difficult to receive inside information about jobs and reduces the likelihood that one is recommended by current employees to employers.
On the other hand, the hiring of new workers via employee referrals is presumed to be important for understanding ethnic divisions of labor because it creates a built-in bias toward incumbents: members of a particular ethnic group concentrate in particular jobs and when new employment opportunities become available at their workplace, they pass this information along to social contacts, often of the same race and ethnic background.
There is a rich socio-economic literature on patterns of relations among agents documenting that social networks appear to be fairly homogeneous with regard to certain sociodemographic attributes: individuals are likely to associate more with people who are very similar to themselves. This tendency is particularly strong among ethnic groups. A number of papers show that people prefer to associate with others of the same racial or ethnic group (see e.g., Moody, 2001; Topa, 2001 ; Marmaros and Sacerdote, 2006; Bayer et al., 2007) . In particular, using data from the 1985 US General Social Survey, Marsden (1987 Marsden ( , 1988 analyses the question of assortative matching in social networks. He finds that the strongest level of association, over and above random matching, occurs for the race/ethnicity attribute. Concerning migrants, the received evidence overwhelmingly supports the view that friends and relatives, and particularly those who belong to a common origin-community, are the main source of information about jobs (see e.g., Chavez, 1992; Hagan 1994 , Menjivar, 2000 Zhou, 1992) .
What about the impact of social networks on labor-market outcomes of ethnic minorities? Some evidence can be found in Conley and Topa (2002) . They examine the spatial distribution of unemployment in Chicago using different social and economic distance metrics. The results indicate a clear dominance of the racial/ethnic distance metric and of the racial/ethnic composition variables in explaining the spatial correlation of unemployment. More direct evidence can be found in Falcon and Melendez (1996) . They show that Latinos in Boston are more likely to use personal networks to gain employment relative to other job search methods. Elliott (2001) finds that Latinos, especially newly arrived immigrants, are more likely than native-born Whites to enter jobs through insider referrals. He also finds that the correlation between insider referrals and ethnically homogeneous jobs is positive and significant only for native-born Blacks. Mouw (2002) , using longitudinal data, finds that Black workers who used personal contacts to find employment did no worse compared to where they used formal methods. Munshi (2003) attempts to identify network effects among Mexican migrants in the U.S. labor market and to test whether the network improves labor market outcomes for its members. He finds that the same individual is more likely to be employed and to hold a higher paying nonagricultural job when his network is exogenously larger.
There are, however, very few papers on this issue for Europe. Exceptions include Frijters et. al (2005) and Battu et al. (2005) , both for the UK. They find that, though personal networks are a popular method of finding a job for the ethnic minorities and those born outside the UK, they are not necessarily the most effective either in terms of gaining employment or in terms of the level of job achieved.
The aim of the present paper is to focus on ethnic minorities in the UK and to see how social networks improve labor market outcomes for its members, focussing on different issues than that of the above-mentioned papers.
As a theoretical background, we first expose the dynamic model of Calvó-Armengol and Jackson (2004) who explicitly model social networks as graphs. If workers are linked to each other, then they exchange information about jobs. Strong ties are direct friends while weak ties are friends of friends of any length (Granovetter, 1983; Calvó-Armengol et al., 2007; Patacchini and Zenou, 2008) . The following results are found. The individual probability of finding a job increases with the number of strong ties and weak ties. However, the longer the length of weak ties, the lower the individual probability of finding a job.
Because we do not have direct information on social interactions between individuals, we approximate the social proximity by the geographical proximity, drawing a link between the social and geographical spaces. Since ethnic communities tend to be more socially cohesive, our conjecture is that the density of people living in the same area is a good approximation for the number of direct friends one has, i.e. strong ties, especially if the areas are not too large and if people belong to the same ethnic group. In the same spirit, the density of individuals living in neighboring areas will be a measure of friends of friends, i.e. weak ties. Ethnicity is thus the chosen dimension along which agents' social contacts develop.
Consistently with the theoretical model, and given that we control for area-fixed effects, we find that: the higher the percentage of a given ethnic group living nearby, the higher the employment rate of this ethnic group; this effect decays very rapidly with distance, losing significance beyond approximately 90 minutes travel time.
The existing literature on the impact of the spatial concentration of ethnic minorities on labor market outcome is not large, and it presents conflicting results. For the UK, to the best of our knowledge, the available evidence is limited to the studies by Drinkwater (2000, 2002) , which basically document that the poor areas where ethnic minorities live are associated with higher unemployment rates and lower self-employment rates. Their crosssection regression analysis, however, includes only few area-level controls. It is thus well possible that their correlations capture the effects of unobserved area characteristics. In addition, when trying to find evidence of ethnic enclave effects also unobservable area characteristics, such as tastes for discrimination, language difficulties, spatial mistmach effects, are likely to play a fundamental role. On the contrary, using a data from a policy in Sweden that randomly allocates immigrants to their residential location, Edin et al. (2003) find that living in enclaves improves labor-market outcomes for less skilled immigrants. 1 In our framework, the use of panel data estimation techniques to control for area-fixed effects, and the use of instruments to tackle the sorting problem, allow us to obtain similar results than that of Edin et al. (2003) . Because of our theoretical mechanism, we are however able to go further by investigating not only the effect of the concentration of ethnic minorities on employment probabilities in a given area but also in the neighboring areas.
Theoretical analysis
The aim of our theoretical framework is to understand how strong and weak ties affect the labor-market outcomes of workers. Indeed, given a network structure, we would like to see how the size of strong and weak ties affects the individual probability to obtain a job and thus the employment rate in the economy. For that we expose the model of Calvó-Armengol and Jackson (2004) in which the main problem for each worker is to obtain information about jobs. Each worker is embedded in a network of social relationships, and his/her direct friends are his/her strong ties while the friends of his/her friends of any length are his/her weak ties. This worker can hear about a job either directly (if by chance he/she sees the job advertisement) or indirectly because one of their friends who belongs to their social network is employed, knows about this job and transmits the information to the worker. Observe that it is assumed that the probability to hear directly about a job is the same for someone who is employed and for someone who is unemployed.
Some notations and definitions from graph theory

2
Denote by n the number of individuals in a given social network g, with n = U + E (U and E are respectively the unemployment and the employment levels in the network). Therefore N = {1, . . . , n} is a set of individuals connected in some network relationship. A network is thus a list of unordered pairs of players {i, j}. These links are represented by a graph g, where g ij = 1 if i is friend with j (denoted by ij) and g ij = 0 otherwise (unweighted graphs/networks). In our framework, links are taken to be reciprocal, so that g ij = g ji (undirected graphs/networks). By convention, g ii = 0. The set of i's direct contacts is:
, which is of size n i (g).
One of the key features of networks/graphs is that not only direct but also indirect links that matter.
Definition 1 A path of length k from i to j in the network g is a sequence hi 0 , i 1 , ..., i k i of players such that i 0 = i, i k = j, i p 6 = i p+1 , and g ipi p+1 = 1, for all 0 ≤ p ≤ k − 1, that is, players i p and i p+1 are directly linked in g. If such a path exists, then individuals i and j are path-connected.
In words, a path between two individuals i and j is an ordered set of agents (i, i 1 , ..., i k , j) of N, where an agent can appear several times, such that i 6 = j. We say that a path belongs to the network g if g ii 1 g i 1 i 2 ...g i k j 6 = 0.
To summarize:
Definition 2 An individual i holds a strong tie with an individual j if g ij = 1. An individual i holds a weak tie with an individual j if individuals i and j are path-connected. The length k of this (weak) tie is defined by the length of the path between individuals i and j.
The model
We now describe the model of Calvó-Armengol and Jackson (2004) . Time evolves in discrete periods indexed by t. The vector s t describes the employment status of the workers at time t. If individual i is employed at the end of period t, then s it = 1 and if i is unemployed then s it = 0. A period t begins with some agents being employed and others not, as described by the status s t−1 from the last period. Next, information about job openings arrives. In particular, any given individual hears about a job opening with a probability a that is between 0 and 1. This job arrival process is independent across individuals. If the individual is unemployed, then he/she will take the job. However, if the individual is already employed then he/she will pass the information along to a friend, picked at random among his/her unemployed friends. As stated above, graph or network g summarizes the links of all agents, where g ij = 1 indicates that i and j know each other (strong tie), and share their knowledge about job information, while g ij = 0 indicates that they do not know each other.
Observe that if an employed worker hears about a job but all his/her friends (i.e. direct links) are already employed, then the job is lost. We focus here on a model where wages are exogenous and identical for all workers. So there is no room in this model for an employed worker to exploit a job offer to increase his/her current wage.
Finally, the last thing that happens in a period is that some agents lose their jobs. This happens randomly according to an exogenous breakup rate, δ, between 0 and 1. We are able to write the probability P ij of the joint event that individual i learns about a job and this job ends up in individual j's hands. It is equal to:
where the vector s describes the employment status of all the individuals at the beginning of the period. In (1), a is the probability to obtain a job information without using friends and relatives. Three cases may then arise. If individuals i and j are unemployed (s i = s j = 0), then the probability that j will obtain a job is just a since individual i will never transmit any information to j. If individual i is already employed and his/her friend j is not (s i = 1, s j = 0), then individual i transmits this job information to all his/her direct unemployed neighbors, who total number is P k:s k =0 g ik . We assume that all unemployed neighbors are treated on equal footing, meaning that the employed worker who has the job information does not favor any of his/her direct neighbors. As a result, the probability that an unemployed worker j is selected among the P k:s k =0 g ik unemployed direct neighbors of an employed worker j is given by: a/ P k:s k =0 g ik . Finally, if individual j is employed, then he/she does not need any job information, at least in the current period.
Impact of strong ties on employment probabilities
The first result obtained by Calvó-Armengol and Jackson (2004) is not surprising and has also been showed in a static framework (see Calvó-Armengol, 2004 , and Calvó-Armengol and Zenou, 2005).
Proposition 1
The higher n i (g), the number of strong ties individual i has, the higher his/her individual probability of obtaining a job.
Indeed, if an individual has more strong ties, then he/she is more likely to hear on average about more jobs through his/her friends and relatives but his/her chance to find a job directly does not increase since a is not affected by the size of the network. This result is quite intuitive since when the number of direct connections increases, the source of information about jobs is larger and people find it more easy to obtain a job through their friends and relatives. This is the first prediction of the model, which implies that workers have a greater chance to find a job the higher the number of their strong ties. Observe that the individual probability to find a job through strong ties for individual j is obviously not given by (1) since P ij (s) is the probability that only one individual, i, who hold a strong tie with j, and who is aware of some job, will transmit this information to individual j. To determine the individual probability of obtaining a job for j, one has to do the calculation for all the direct friends of i.
Impact of weak ties on employment probabilities
We would like now to study the impact of weak ties (as defined by Definition 1) on the individual probability of finding a job. Calvó-Armengol and Jackson (2004) show that, in steady-state, there is a positive correlation in employment status between two path-connected workers. As we will see, this result is not at all easy to obtain since, in the short run, the correlation is negative. Indeed, in a static model, if an employed worker is directed linked to two unemployed workers, then if he/she is aware of a job, he/she will share this job information with his/her two unemployed friends (see (1)). These two persons, who are path-connected (path of length two) are thus in competition and one (randomly chosen) will obtain the job and be employed while the other will stayed unemployed. So their employment statuses will be negatively correlated (see Calvó-Armengol, 2004 , and Calvó-Armengol and Zenou, 2005).
Let us now give the intuition why this negative correlation result does not hold in a dynamic labor-market model. Consider the star-shaped network described in Figure 1 with three individuals, i.e. n = 3 and g 12 = g 23 = 1. Suppose the employment from the end of the last period is s t−1 = (0, 1, 0). In the figure, a black node represents an employed worker (individual 2), while unemployed workers (1 and 3) are represented by white nodes. Conditional on this state s t−1 , the employment states s 1t and s 3t are negatively correlated. As stated above, this is due to the fact that individuals 1 and 3 are "competitors" for any job news that is first heard by individual 2. In what follows, we describe how we obtain this long-run positive correlation. Consider again the network described in Figure 1 but without imposing any employment status to workers. In that case, there are eight possible employment states: 000, 100, 010, 001, 110, 101, 011, 111, where for example 000 means that all individuals 1, 2, and 3 are unemployed. As a result, the state of the economy s t evolves following a Markov process M (a, δ) where a is the job-arrival rate that takes place in the first half of each period, while δ is the job-destruction rate that takes place at the second half of each period. We gather the Markov transitions into a matrix P ij = Pr{s t+1 = i | s t = j}, where i, j ∈ {000, 100, 010, 001, 110, 101, 011, 111}, that is, rows correspond to t + 1 while columns correspond to t (the columns sum up to one as in all Markov matrices).
As highlighted above, an important issue in this case is the short-run negative correlation versus the long-run (possibly) strictly positive correlation. To sort out the short and longer run effects, we divide a and δ both by some larger and larger factor, so that we are looking at arbitrarily short time periods. We call this the "sub-division" of periods. More precisely, instead of analyzing the Markov process M (a, δ), we can analyze the associated Markov process M (a/T, δ/T ), that we name the T −period subdivision of M (a, δ), with steady state distribution μ T . We show that there exists some T 0 such that, for all T ≥ T 0 , the employment statuses of any path-connected agents are positively correlated under μ T .
Consider M (a/T, δ/T ). For this Markov process, at every period, every shock (be it a job arrival a/T or a job breakdown δ/T ) is very unlikely when T is high enough. Having two or more shocks in every such period is thus much less unlikely. Instead of analyzing M (a/T, δ/T ), we analyze an approximated Markov process M * (a/T, δ/T ) where we only keep track of one-shock transitions, and disregard transitions involving two or more shocks.
We denote by μ * T the corresponding steady-state distribution. The higher T , the closer are the transitions of the approximated Markov process M * (a/T, δ/T ) to that of the true Markov process M (a/T, δ/T ), and so the closer is μ * T to μ T .
Calvó-Armengol and Jackson (2004) show that, with a high enough T −period subdivision, for n individuals and any social network structure, we have:
Proposition 2 Under fine enough subdivisions of periods, the unique steady-state long-run distribution on employment is such that the employment statuses of any path-connected agents are positively correlated.
The proposition shows that despite the short-run conditional negative correlation between the employment of competitors for jobs and information, in the longer run any interconnected workers' employment is positively correlated. This implies that there is a clustering of agents by employment status, and employed workers tend to be connected with employed workers, and vice versa. The intuition is clear: conditional on knowing that some set of agents are employed, it is more likely that their neighbors will end up receiving information about jobs, and so on. The benefits from having other agents in the network outweigh the local negative correlation effects, if we take a long-run perspective.
Proposition 3
The longer the length of two-path connected individuals (i.e. weak ties), the lower is the correlation in employment statuses between these two individuals.
Indeed, the correlation between two agents' employment is (weakly) decreasing in the number of links that each an agent has, and the correlation between agents' employment is higher for direct compared to indirect connections. The decrease as a function of the number of links is due to the decreased importance of any single link if an agent has many links. The difference between direct and indirect connections in terms of correlation is due to the fact that direct connections provide information, while indirect connections only help by indirect provision of information that keeps friends, friends of friends, etc., employed. In other words, the longer the path in the social network between two individuals, the weaker is the effect of job transmission.
Empirical analysis
Let us summarize our theoretical results. We have shown that:
(i) The individual probability of finding a job is increasing in the number of strong ties each individual has (Proposition 1);
(ii) The individual probability of finding a job is increasing in the number of weak ties each individual has (Proposition 2);
(iii) The longer the length of weak ties, the lower the individual probability of finding a job (Proposition 2).
We would now like to test these results.
Empirical strategy
Because individual data on social networks and friendships are not available, we will approximate the social proximity by the geographical proximity, drawing a link between the social and geographical spaces. Our conjecture is that the density of people living in the same area is a good approximation of the number of direct friends one has, i.e. strong ties, especially if the areas are not too large and if people belong to the same ethnic group (Topa, 2001 ). In the same spirit, the density of individuals living in neighboring areas will be a measure of friends of friends, i.e. weak ties. Using this approach, the theoretical predictions are as follows.
Take an individual with a given set of characteristics (family, age, education, gender...), living in area a and belonging to race r. Then, other things being equal (i.e. fixing the characteristics of the area):
(i) Individual (a, r) has a higher chance to be employed, the higher the percentage of type−r individuals living in area a.
(ii) Individual (a, r) has a higher chance to be employed, the higher the percentage of type−r individuals living in the neighboring areas of a.
(iii) This effect should decrease with the distance between area a and its neighboring areas.
The aim of our empirical analysis is to test these three predictions (i), (ii), and (iii). Because longitudinal individual-level data on ethnic minorities with information on the residential area are not available, we resort to the use of aggregate data, which are described in the following section.
Data and definition of the variables
Our empirical analysis is based on a panel of local authority-level data in England from 1993 until 2003. The data source is the UK Labour Force Survey (LFS), which is undertaken on a quarterly basis (since 1992). However, because of small sample sizes per area for ethnic minority groups, we aggregate the quarterly data of each year, so to end up with ten waves of the panel. The local authority is the finer level of spatial disaggregation of the English local government structure. In England, there is indeed a mix of single-tier and two-tier local government. Our definition of "local authority" considers single-tier (unitary) authorities together with the lower-tier authorities in areas of two-tier local government. We thus deal with small spatial units, having an average of 2,250 residents belonging to ethnic minorities. In London there are 33 local authorities (London boroughs). Excluding areas with missing or incomplete information on our target variables (roughly the 15% of the total), we are left with a final sample of 301 local authorities in England.
We measure distance between areas by the average road journey time (in minutes) between the centres of the areas. 4 Indeed, driving times represents how agents' contacts develop better than other measures of proximity, such as physical distance or contiguity (see, e.g. We distinguish between different ethnic groups. Whites, Blacks (Black Caribbeans, Black African-Asians and Black British), Asians (Indians, Pakistanis and Bangladeshis), and Chineses. 5 The ethnicity is captured by the index r = B, A, C, respectively. Because of the extremely low activity rates of women in certain ethnic groups (most notably Pakistani and Bangladeshi women), we focus our attention on males. 6 The individual probability of finding a job of individual of type−r in local authority a is measured using the ratio between the number of type−r employed workers in local authority a and the total working age population of type−r individuals residing in local authority a (i.e., the employment rate of ethnic minorities of type r living in local authority a, e r a , hereafter).
The group−r population density in local authority a is the ratio between the total working age population of group r residing in local authority a and the total working age population residing in local authority a.
Figures 2 and 3 describe the evolution over time of our two target variables, i.e. employment rate and population density. Specifically, the figures plots the average (over all areas in our sample) employment rate and population density for each time period available, for the different groups within the nonwhite population, i.e. Black, Asian and Chinese. 7 [Insert F igures 2 and 3 here] Figure 2 shows that employment rates have increased over time for virtually all minority ethnic groups. Asians have experienced the largest increase, followed by Chinese and finally Blacks. During the same period of time, Figure 3 shows that the density of ethnic population has also increased over time. For example, taking into account all nonwhites as a whole, the average population density has risen from 0.6 % in 1993 to 1.33% in 2003. This implies that, in 1993, there were 1 nonwhite every 167 individuals, whereas, in 2003, this ratio is roughly 1 to 76. Indeed, the increase in the number of individuals from different ethnic groups is one of the most significant changes in Britain during the 1990s. According to Census data, Britain's population grew by 4% in the 1990s; 73% of this growth was due to minority ethnic groups, which grew by about 1.6 million people compared with 600,000 in the white 5 Small sample sizes for each areas prevent us to adopt a finer breakdown by ethnicity. 6 In Section 5, the analysis is also performed for females. 7 The sum of the values of the different ethnic minority groups is not equal to the value of nonwhites because there is a (small) residual groups, i.e. "other races", which is not considered here.
population (Lupton and Power, 2004) . Increasing values of ethnic population density over time are consistent with a pattern of natural population growth as well as with immigration inflows in areas having already sizeable minority ethnic population. Under both scenarios, however, this evidence show that, in England, ethnic minorities are geographically clustered.
Turning back to the definition of the remaining variables, in the theoretical model, the length of ties is measured by the path connecting individuals (see definitions 1 and 2). Since we approximate the social space by the physical space, to measure ties of different lengths we create proximity bands based on driving time between areas and we measure the population density by ethnic group within each proximity band. To be specific, for each local authority a in our sample, we create new variables containing the densities of ethnic population within 30 minutes driving time from local authority a; within 30-60 minutes, and so on. We assume that the population of each local authority is concentrated at the economic centre of the local authority, so that each time band (e.g., 30-60 minutes) contains the population densities of all areas whose centre is in the band (e.g., within 30-60 minutes from the centre of local authority a). 8 Thus, for each individual belonging to ethnic group r and residing in local authority a, the percentage of strong ties will be measured by the population density of ethnic group r living within 30 minutes and his/her percentage of weak ties as the population density of ethnic group r living further away. The longer the geographical distance between local authority a and the neighboring local authorities, the longer the social distance or equivalently the length of weak ties between individuals.
Empirical model and estimation results
Consistently with the dynamic theoretical model presented in Section 2, for each ethnic group r = B, A, C we estimate the following dynamic panel regression model: 
where e r a,t is the employment rate of ethnic group r in local authority a at time t, e r a,t−1 , the same variable at time t − 1, and n r σ,a,t denotes the population density of ethnic group r in local authority a within the proximity bands σ at time t. The error term is composed of an area-specific fixed effect, η a , controlling for cross-area differences constant across time and by a white noise error component, ε r a,t . Observe that the empirical model does neither include any measure of the average human capital characteristics of the different areas, nor other features of the local structure of the economy (such as the activity rate for example). Indeed, we assume that the impact of these characteristics on the employment rate in each area is captured through the inclusion of (time) lagged values of the employment rate e r a,t−1 . In other words, we use area-fixed effects to purge our estimates from the effects of area characteristics that are constant over time and we assume that the impact of time-varying variables on the employment rate in each location is captured through the inclusion of (time) lagged values of the employment rate. 9 The conjecture underlying the specification of this empirical model is that the social and geographical spaces should be correlated for individuals within the same ethnicity, and more so given that our areas (local authorities) are quite small. As it is also documented in the introduction, it is very likely that, for example, blacks communicate with the other black persons living nearby. Therefore, the higher the percentage of blacks living nearby, the more information about jobs is provided This is not necessarily true for whites. Marsden (1988) shows, for instance, that the chance of observing a black-black tie is 4.2 times higher than that generated by pure random matching, whereas this value is only 2.6 for whites. Thus, a comparison of the estimation results of model (2) for whites and nonwhites may provide valuable insights about the validity of our approach.
OLS estimates
Model (2) is estimated for whites and each ethnic group separately. Table 1 reports the results obtained with five proximity bands: up to 30 min, 30 to 60 min, 60 to 90 min, 90 to 120 min, 120 to 150 min. The table contains the within groups estimates, i.e. OLS where all variables are expressed in deviations from their area-specific means (taken over time) for the model without (first column) and with (second column) regional dummies. 10 If we compare the results for whites with those for the other ethnic minorities, it appears that the density of white population has no significant effect on white employment, whereas 9 However, the inclusion of a list of contemporary area-specific controls, such as proportion of high-skilled population, proportion of car owners, unemployment rate by ethnic group, white and nonwhite population mass, etc.., does not change qualitatively the results on our target variables. 10 As T becomes large, the within groups estimator is consistent, even in the presence of lagged dependent variables (or other endogenous regressors). Thus, with our panel of 10 years time-length, any bias from using within groups is likely to be minimal (see Nickell, 1981 , for example).
the density of ethnic population shows a significant effect on ethnic employment for all the ethnic minorities' groups. In addition, the specification for whites is less well-determined (the R−squared values for nonwhites are roughly twice as large as for whites). This confirms the intuition we had when we approximated the social with the geographical space. Indeed, for whites, the percentage of whites living nearby is not a good measure of social interactions between whites. On the contrary, for nonwhites, it is a much better measure since it is more likely that nonwhites interact with each other by providing job information within the same and neighboring local authorities.
[Insert T able 1 here]
Focusing on the estimates of the spatial decay for the different ethnic minorities, we find positive and statistically significant effects, which are greatest within 30 minutes driving time. They then decrease quite sharply with travel time and have no effect beyond approximately 90 minutes. This pattern remains unchanged across the different ethnic minority groups. If we go back to our theoretical model, then this means that strong ties (i.e. population density of the same ethnic group within 30 minutes driving time) have a greater positive impact on the employment rate than weak ties of length 2 (i.e. population density of the same ethnic group within 30 to 60 minutes driving time), which, in turn, has a higher impact than weak ties of length 3 (i.e. population density of the same ethnic group within 60 to 90 minutes driving time), etc.
The magnitude of the effects is also quite similar across ethnic groups, displaying however the highest values as well as the highest rate of attenuation for Asians. Indeed, a one point percentage increase in the density of the Asian population within 30 minutes driving time increases Asian employment rate by roughly 0.10 percentage points. It has more than three times the impact of the density of the Asian population 60 minutes away, and more than 10 times that of the density of the Asian population at 90 minutes.
Instrumental variable estimates
If areas that attract ethnic population have also exogenously determined characteristics (not directly observable) that affect employment, then the population density variables will be correlated with the error term. In other words, there may be some sorting of the population where ethnic minorities choose to live in areas mainly populated by individuals belonging to the same ethnic group. In that case, instead of social networks, we may capture some unobserved characteristics of workers if, for example, the higher the (unobserved) ability of ethnic minorities, the more likely they live in areas with the highest population density of the same ethnic group.
In our analysis, the adoption of a panel data estimator with area fixed effects removes any unobserved area characteristic constant over time, which could be responsible for such a sorting behavior. It does not account, however, for the effects of a possible endogenous sorting of a different nature. As it is standard, we address this problem by using an instrumental variable approach. For each area, we instrument the actual population with the historical population as reported in the 1961 Census. The validity of these instruments rests on the assumption that the location decisions of the ethnic population more than forty years ago are unrelated to the (unobserved) factors determining employment activity today, apart from their effect through present-day ethnic population.
We employ the Arellano and Bond (1991) instrumental variable estimator for dynamic panel data. This method consists in taking deviations from the area-specific time means to get rid of the unit-specific error term and combining valid instruments for the lagged dependent variable and for the other endogenous variables in a GMM framework. Distributional assumptions are not needed. Given the first order autoregressive specification of our model, valid instruments for the (time) lagged dependent variable are two-time or more periods lagged variables. The Sargan test of overidentifying restrictions (Sargan, 1958 ) is used to choose the appropriate set of instruments, and, in particular, the number of lags of the dependent variable to be included in the instrumental set. Our instrumental variable estimates for the basic specification with regional dummies are reported in Table 2. 11 The Sargan test does not reject the null of instruments' validity. In the last rows, we also report tests for first-order and second-order serial correlation in the first-differenced residuals (M_1 and M_2 ). The consistency of the GMM estimators requires the absence of serial correlation in the original error term. In turn, this requires negative first-order, but no second-order correlation in the differenced error term. Table 2 reveals no evidence of misspecification.
The results confirm the main findings of Table 1 . The estimated effects are only slightly higher in magnitude.
[Insert T able 2 here] 11 To save space, in Table 2 , we only give the results when the regional dummies are included.
5 Discussions and robustness checks
Discussions
Because we have area-fixed effects, which account for unobserved area heterogeneity constant over time, one could argue that the ethnic population density variable is picking up some neglected area characteristics that vary over time. This is, however, not credible because the areas where ethnic minorities are mostly concentrated are in general quite disadvantaged and the characteristics of such areas are typically associated with lower rather than better prospects of finding a job. In our analysis, on the contrary, we find a positive sign. Another concern could be that population density is capturing the degree of urbanization of the area instead of social interactions. In that case, an alternative explanation would be that, in denser areas, there are relatively more jobs than in less populated areas so that the chance to find a job also increases. If this were true, then how can we explain that the positive relationship between employment rate and population density is only valid for nonwhites and not for whites? Why white workers would not benefit from better job opportunities in denser areas?
More intuition of our results
In order to better understand our mechanism, we would like now to investigate further our relationship between ethnic population density (capturing social networks and transmission of job information) and ethnic employment probabilities by looking at certain aspects of it. First, because ethnic minorities tend to be more self-employed than whites, we will see if our relationship is stronger or weaker for self-employed workers only. Second, because ethnic minorities tend to concentrate in specific jobs (or industries), we will investigate if our relationship is stronger in certain activities, i.e. information transmission is better in certain jobs. Finally, because ethnic minorities have different cultures and traditions concerning female work participation, we will also examine the relationship between ethnic population density and ethnic employment probabilities for female only.
Let us start with self-employment. Figure 4 displays the evolution of ethnic self-employment over time. Consistently with the definition of employment rate, self-employment rate is calculated as the proportion of all those in working age (excluding students) who are selfemployed. Thus, the values plotted in Figure 4 are a portion of those represented in Figure 2 . A comparison between these two figures shows to what extent the dynamics of the employment rates are attributable to changes in self-employment over time for the different ethnic groups. Figure 4 shows very large variations in self-employment rates among the different ethnic populations, with the Chinese group having the higher rates, followed by Asians and Blacks. Even though this ranking remains the same over the period 1993-2003, ethnic differences have narrowed over time: Asians and Chineses, which have higher self-employment rates in 1993, experienced a decline, while Black with initially a lower rate showed a slight increase. Having in mind Figure 2 , it appears, however, that the marked increase in ethnic employment is not driven by the dynamics of self-employment for any ethnic group.
[Insert F igure 4 here] Table 3 reports the estimation results for model (2) for self-employment only. The results remain qualitatively unchanged but the estimated effects are smaller in magnitude for all ethnic groups and at all distance bands. This could be explained by the fact that finding a job requires social networks, especially for ethnic minorities, while for self-employment this is still true but to a lesser extent.
[Insert T able 3 here]
Let us now investigate the relationship between ethnic population density and ethnic employment probabilities for different types of jobs. Table 4 provide simple statistics of the structure of employment and self-employment by ethnic group and by industry. It gives both average values and the percentage-point changes over the ten years considered. Not surprisingly, in 2003, roughly half of the Chineses and Asians were employed in the "distribution, hotel and restaurant" industry. These figures are even higher for self-employment. On the contrary, blacks seem to be more spread, even though most of them work within the service sector (20.9% of then work in the "distribution, hotel and restaurant" industry, 21.3% in the "banking, finance and insurance" category and 28.5% in "other" category, which includes mainly public administration, education or health sector). Interestingly, the share of ethnic minorities employed in the "banking, finance and insurance" sector increases over time. Indeed, between 1993 and 2003, its share increased for all ethnic groups, in particular for Blacks in self-employment where we find a 12% increase in ten years.
[Insert T able 4 here] Table 5 displays the results obtained from the estimation of model (2) when employment is disaggregated by industry for whites and nonwhites. To save place, we report the results only for the nonwhite population, which groups all ethnic groups together. 12 As before, the results are significant for nonwhites and not for whites. Concerning nonwhites, in accordance with Table 4 , the coefficients are larger in magnitudes for the "distribution, hotel and restaurant" and "banking, finance and insurance" sectors. This means that the transmission of job information and thus ethnic social networks have a larger effect in these sectors than in others. If one compares the distance decay across industries, we find that for the "distribution, hotel and restaurant" sector, the effect fades away after 60 minutes, whereas for the "banking, finance and insurance" sector, it is still significant at distances within 90-120 minutes. This shows that social networks are more localized for the former than for the latter sector.
[Insert T able 5 here]
We investigate finally the role of importance of women in social networks. In other words, we estimate model (2) for female employment only. Table 6 collects the evidence. It is striking to see that the estimated effects are not statistically significant for all groups (whites and nonwhites). This is not surprising because there are fewer females and the channel through which job information is transmitted is usually between men.
[Insert T able 6 here]
Conclusion
In this paper, we test whether ethnic networks improve labor market outcomes for its members. We first present a simplified version of the model of Calvó-Armengol and Jackson (2004) , which shows that the individual probability of finding a job increases with the number of strong ties and weak ties, and the longer the length of weak ties, the lower this probability. We then test these predictions using a panel of local authority-level data in England between 1993 and 2003. Conjecturing that the social space is highly correlated to the physical space, especially for ethnic minorities in small areas, we find that the higher the percentage of a given ethnic group living nearby, the higher the employment rate of this ethnic group. However, this effect decays very rapidly with distance, losing significance beyond approximately 90 minutes travel time. 
